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Evaluating North American Mountain Snowpack Extent in Regional Climate Models Using 
MODIS Satellite Imagery 
Abstract 
 Mountain snowpack is a vital source of water for ecosystems, has a significant influence 
on the occurrence of wildfires, and provides water resources for billions of people globally. 
Despite the implications of climate change on mountain snowpack, we have few reliable ways of 
estimating global snowpack extent. In response to the lack of accurate methods of estimating 
mountain snowpack, Wrzesien et al. (2018) presented an estimate of snowpack extent for eleven 
North American mountain ranges using regional climate model (RCM) simulations. This 
research evaluates these model estimates using remote sensing imagery from the NASA Terra 
MODIS satellite instrument, providing further analysis of the usefulness of RCMs in estimating 
mountain snowpack. In comparison to MODIS, the RCM simulations generally perform well for 
most of the year for most ranges, though there is a trend towards spring overestimation of snow 
cover extent. Spatially, there is no clear trend in the performance of the RCM simulations. 
Further analysis using other remote sensing datasets could provide more insight into the ability 
of RCMs to accurately simulate mountain snowpack extent. 
 
Introduction 
Mountains act as natural reservoirs, storing snow as it accumulates throughout the winter 
season in the form of snowpack (Vivrioli et al. 2007). As temperatures rise in the spring and 
summer, snowpack melts, providing a critical source of runoff for downstream environments. 
Mountain snowpack has both societal and ecological importance. Over a billion people rely on 
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spring runoff from mountains for water resources globally (Dozier et al. 2016). The seasonal 
snowmelt cycle also has a significant influence on the occurrence of wildfires (Gergel et al. 
2017) and supplies necessary moisture for alpine ecosystems late into the melt season (Bjork and 
Molau, 2007).  
 Warming temperatures due to global climate change are predicted to affect snow-
dominated mountain basins disproportionately due to fundamental changes in the seasonal 
snowmelt cycle (Barnett et al. 2005). As temperatures warm, snow will likely melt earlier in the 
season, leading to significant declines in spring snowpack levels (Musselman et al. 2017). In the 
mid-elevations in some regions, such as the Sierra Nevada of California, rain is predicted to 
replace snow during the winter months, further reducing snow accumulation (Sun et al. 2018). 
Spring snowpack loss has already been widely observed across western North America and can 
be attributed to regional-scale warming of the climate (Kapnick et al. 2011, Zeng et al. 2018, 
Mote et al. 2005). These changes increase the risk of water scarcity in snowmelt-dominated 
regions (Barnett et al. 2005), increase the risk of wildfires in the western United States 
(Westerling et al. 2006), and threaten the survival of vulnerable snowbed ecosystems (Bjork and 
Molau, 2018).  
 Despite the threat that climate change poses to the seasonal snowmelt cycle, we have few 
accurate ways of quantifying the spatial distribution of mountain storage globally (Dozier et al. 
2016). Surface measurement networks rarely cover high elevations and are too sparse to provide 
comprehensive and accurate estimates of mountain snowpack (Dozier et al. 2016). In North 
America, measurement networks are generally limited to the low elevations in the mid-latitudes 
and urban areas (Robinson et al. 1993). Furthermore, ground snow measurements are influenced 
by local effects, such as microclimatic and topographic variations, leading to variability in 
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measurements between different sites (Stewart, 2009). Global climate models (GCMs) have been 
widely used to assess future changes to the climate, including spatial changes in runoff and 
snowmelt (Adam et al. 2009). While GCMs are useful for widescale analyses, their resolutions 
are currently too coarse to accurately represent areas with complex topography such as 
mountains (IPCC 2013). The lack of baseline estimates of global mountain snowpack will make 
it difficult or impossible to quantify future changes due to a warming climate (IPCC 2013). 
 In response to the lack of large-scale estimates of mountain snowpack, Wrzesien et al. 
(2018) presented an estimate of mountain snow water equivalent (SWE) for eleven North 
American ranges using regional climate model (RCM) simulations. These simulations were done 
for a single representative water year between 2001 to 2014 for each range, thereby reducing 
computational costs while still providing a representative estimate of mountain SWE (Wrzesien 
et al. 2018). The estimates were compared to in-situ observations and satellite gravimetry data to 
evaluate their reasonableness (Wrzesien et al. 2018).  
 The goal of this research is to further evaluate Wrzesien et al. 2018’s RCM estimates of 
North American mountain snowpack by examining patterns in snow covered fraction (SCF). 
SCF, the fractional snow cover of each grid cell, can be measured using satellite remote sensing 
instruments. In this study, we compare RCM SCF estimates to data from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) instrument on the NASA Terra satellite. The 
MODIS snow-cover mapping product, MOD10A1, provides an estimate of snow cover per pixel 
per day. This research uses a binary estimate of snow cover per pixel (‘snow’, ‘no snow’) 
derived from the MOD10A1 SCF estimate.  
 Past comparisons of RCM simulations of snow cover to MODIS imagery have been 
limited to smaller domains, such as the Sierra Nevada or the Colorado Rockies (Wrzesien et al. 
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2015; Minder et al. 2016). This research aims to evaluate RCM simulations for the entirety of 
North American mountain ranges using a satellite-based SCF product. Furthermore, this analysis 
addresses the usefulness of RCMs in estimating mountain snow extent, which is necessary for 
understanding how mountain snowpack is likely to change in the future. 
 
Data and Methods 
Data: 
 WRF: 
 We use SCF estimates from the Weather Research and Forecasting Regional Climate 
Model (WRF) version 3.6.1 (Skamarock et al. 2008), as modeled by Wrzesien et al. (2018). 
WRF was coupled to the Noah land surface model (LSM) with multiparameterization options 
(Noah-MP) (Niu et al. 2011), with ERA-Interim providing the meteorological conditions at the 
boundary (Dee et al. 2011). Wrzesien et al. (2018) chose the following physics options when 
running WRF: the Thompson et al. 2004 cloud microphysics scheme, the Rapid Radiative 
Transfer Model longwave scheme (Mlawer et al. 1997), the Dudhia shortwave scheme (Dudhia, 
1989), the Yonsei University planetary boundary layer scheme (Hong et al. 2006), and the 
modified Kain-Fritsch convective parameterization for the two outer domains (Kain, 2004; Kain 
and Fritsch, 1990, 1993). 
 Unlike the original Noah LSM, Noah-MP divides snowpack into up to three distinct 
layers depending on total snow depth, allowing for more accurate simulation of snowpack 
temperature (Etchevers et al. 2004, Niu et al. 2011). A snowfall interception model incorporates 
leaf area index (LAI) to account for canopy interception of snow (Niu and Yang, 2004). 
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Including canopy interception can lead to a smaller estimated snow cover on the ground (Niu et 
al. 2011), thus affecting SCF estimates. Noah-MP calculates SCF using Equation 1, where ℎ𝑠𝑛𝑜 
represents snow depth, 𝜌𝑠𝑛𝑜 represents snow density, 𝜌𝑛𝑒𝑤 represents fresh snow density, 𝑚 is a 
scalable melt factor, and 𝑧0,𝑔 is the ground roughness length (Niu and Yang, 2007; Niu et al. 
2011). The inclusion of snow density accounts for variations in SCF between the accumulation 
and melt season due to patchy snow, even when grid averaged snow depth may be the same 
during both periods (Niu and Yang, 2007). This SCF calculation results in values up to 40% 
greater than previous modeling estimates (Niu and Yang, 2007). 
𝑆𝐶𝐹 =  𝑡𝑎𝑛ℎ (
ℎ𝑠𝑛𝑜
2.5𝑧0,𝑔(𝜌𝑠𝑛𝑜/𝜌𝑛𝑒𝑤)𝑚
)                               𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1             
 Wrzesien et al. (2018) ran WRF for eleven North American mountain ranges (Figure 1). 
Because of computational constraints associated with running a climate model for the entirety of 
North America for a 30-year period, Wrzesien et al. (2018) chose a representative water year to 
model for each range to provide a baseline climatology. Water years between 2001 and 2014 
were chosen for each respective range by comparing climatological snow water storage (SWS) 
estimates from two reanalysis datasets and selecting the year closest to the climatological 
average (Wrzesien et al., 2018); SWS was calculated by multiplying SWE by grid cell area to 
estimate the volume of water stored in snowpack. The simulations were run for the first 293 days 
of each water year, representing October through mid-July. Extents of the ranges themselves 
were chosen based on the mountain classification by Kapos et al. (2000) using elevation, slope, 
and local relief (Wrzesien et al. 2018). Past research demonstrated that resolutions of less than 10 
km are necessary to accurately simulate mountainous orographic precipitation processes (Ikeda 
et al. 2010; Minder et al. 2016; Wrzesien et al. 2018). In this study, WRF simulations at a 
resolution of 9 km are used.  
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 Further information on the representative water years, mountain range bounds, and 
simulations used in this study can be found in Wrzesien et al. (2018). WRF SWS data are 
available for download at the National Snow and Ice Data Center (Wrzesien and Durand, 2018).  
 MODIS Snow-Covered Area: 
The MODIS instrument is found on the NASA Terra satellite. Terra follows a circular 
sun-synchronous polar orbit with a period of 99 minutes, allowing MODIS to see the entirety of 
the planet every 1-2 days (NASA). The MODIS MOD10A1 snow cover product is currently on 
its sixth release (Hall and Riggs, 2016). MOD10A1 Version 6 provides daily global snow cover 
estimates at 500 m resolution from July 2002 to the present (Hall and Riggs, 2016). MOD10A1 
identifies snow-covered land using radiance data from the MODIS instrument using the NDSI, a 
measure of the magnitude of difference between reflectance in a visible band (𝑉𝐼𝑆) and a 
shortwave infrared band (𝑆𝑊𝐼𝑅) (Equation 2) (Nolin, 2010). MOD10A1 uses MODIS band 4, 
the green band (0.545-0.565 µm), as VIS and band 6 (1.628-1.652 µm) as SWIR (Riggs and 
Hall, 2016). 
𝑁𝐷𝑆𝐼 =  
𝑉𝐼𝑆 − 𝑆𝑊𝐼𝑅
𝑉𝐼𝑆 + 𝑆𝑊𝐼𝑅
                              𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 2 
 The NDSI uses snow’s characteristically high visible reflectance and low shortwave 
infrared to calculate snow presence on the surface. NDSI values range from -1.0 to 1.0, with any 
values greater than 0 representing some snow cover, and 1.0 representing the maximum amount 
of snow cover possible. The greater the difference between the visible and shortwave infrared 
bands, the greater the NDSI (Riggs et al. 2016). NDSI is most effective at detecting snow when 
there are clear skies, good viewing geometry and solar illumination, and at least several 
centimeters of snow accumulation (Riggs et al. 2016). Because NDSI relies on visible light, 
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MOD10A1 does not provide data when natural light is limited, resulting in sparse data 
availability in the winter months at high latitudes. Pixels affected by clouds, shadows, limited 
light, or other errors resulting in no data availability are classified as null pixels; in this study, 
only non-null pixels for each day are analyzed. MOD10A1 Version 6 is available to freely 
download via the National Snow and Ice Data Center and is provided with a cloud mask and 
night mask overlaid. 
 The Version 6 NDSI is an estimate of snow cover comparable to the fractional snow 
cover estimates provided in previous MOD10A1 releases. However, areas with 100% snow 
cover will not necessarily have an NDSI of 1.0 because of forest canopy and solar geometry 
(Riggs et al. 2016). Forest cover both obscures hidden snow under the canopy and adds to pixel 
reflectance, reducing NDSI in vegetated areas (Nolin, 2010; Rittger et al. 2013). This is 
demonstrated in Figure 2, where the MOD10A1 NDSI for the Alaska range in early February 
shows lower values across the range compared to SCF. The MOD10A1 NDSI snow cover can be 
converted to a snow cover fraction estimate, comparable to previous MOD10A1 versions, using 
Equation 3, which is based on an empirical regression relationship between fractional snow 
cover and NDSI (Salomonson and Appel, 2004).  
𝑆𝐶𝐹 =  −0.01 +  1.45 ∙ 𝑁𝐷𝑆𝐼                              𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 3 
Previous versions of MOD10A1 SCF have been shown to underestimate snow cover due 
to vegetation effects (Rittger et al. 2013). For this reason, a binary classification (‘snow’, ‘no 
snow’) was applied to the SCF. A binary MODIS classification scheme has been shown to agree 
reasonably well with satellite-based snow cover products and in-situ measurements in other 
studies (Parajka and Blosch, 2012; Parajka et al. 2006; Simic et al. 2004; Maurer et al. 2002; 
Klein and Barnett, 2003). These studies have demonstrated that MODIS has the lowest 
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accuracies in forested areas and during periods of snowmelt due to patchy snow cover. Rittger et 
al. (2013) showed that MOD10A1 Version 5 failed to identify snow in two North American 
mountainous regions, the Sierra and Upper Rio Grande, during times of snowmelt. 
Some of these issues have been resolved or improved upon in MOD10A1 Version 6. 
Version 6 has an increase in snow-cover detection accuracy, particularly for mountain ranges in 
the Northern Hemisphere during spring and summer, compared to earlier versions of MOD10A1 
(Riggs et al. 2017). This is largely because the Version 6 update fixes an error with the surface 
temperature screen; previously, the screen was applied blindly to all pixels with a temperature 
greater than 283 K, leading to some mixed pixels in mountain regions being labeled as no snow, 
even when snow was present (Riggs et al. 2017). In Version 6, the screen is only applied to 
pixels below 1300 meters in elevation. Though MOD10A1 is an imperfect data set, it is one of 
only a few daily SCF datasets available that cover both the geographic ranges and water years 
analyzed in this study at a relatively fine spatial scale. Taking these limitations into account, 
MOD10A1 has still been shown to be a useful tool for comparison, and we therefore used it in 
this study. 
While past research using MODIS snow cover data and previous MOD10A1 versions 
have used a binary threshold of 0.4 NDSI to determine snow versus no snow, this threshold 
(approximately 50% fractional snow cover) can lead to losses in snow detection (Riggs et al. 
2017). Wrzesien et al. (2015) instead used a threshold of 0.15 (15%) to determine snowy pixels 
when working with another MODIS snow cover product, the MODIS Snow-Covered Area and 
Grain Size (MODSCAG) historical data set. Furthermore, Rittger et al. (2013) demonstrated that 
a 0.15 binary threshold applied to MOD10A1 Version 5 data resulted in precision and recall 
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statistics of greater than 0.9 for two North American mountain regions. In this study, the 0.15 
threshold was applied to the MOD10A1 data.  
Methods: 
 The Wrzesien et al. (2018) WRF simulations of SCF and the MOD10A1 daily SCF data 
were averaged for each representative water year for each range using a 7-day moving average to 
fill in any missing data (null pixels). The 0.15 snow cover threshold was applied to determine 
binary snow coverage. To compare WRF and MOD10A1 SCF of each range temporally, the 
number of snow-covered pixels per day were summed and then divided by the total number of 
non-null pixels, resulting in daily SCF estimates for each range and water year. This SCF was 
presented in values ranging from 0% (no snow cover) to 100% (total snow cover). For 
comparison, the MOD10A1 and WRF SCFs of each range were treated like absolute numbers, 
and all comparisons considered MOD10A1 SCF to be the truth. For example, a day with a 
MOD10A1 SCF of 50% and a WRF SCF of 60% would be considered 10 SCF percentage points 
overestimated. The daily SCF estimates were further analyzed by season to determine any trends 
in the WRF SCF classification in comparison to MOD10A1.  
For spatial comparison, the MOD10A1 binary SCF was scaled from 500 m resolution to 
the coarser 9 km resolution of WRF by aggregating the nearest pixels to the WRF grid. Three 
dates were chosen from each range to represent the early-, mid-, and late-season of the spring 
and summer melt period. The early season date was chosen as the date with the highest binary 
SCF after February 3rd for each range, with February representing the earliest month of the melt 
season. The mid- and late-season dates represent the dates with 66% and 33% remaining snow of 
the early-season date, respectively. Difference plots were created for each range; each pixel was 
assigned a value depending on whether it was classified as snow by both WRF and MOD10A1 
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(true positive, TP), by only WRF (false positive, FP), by only MOD10A1 (false negative, FN), or 
by neither (true negative, TN). A confusion matrix table for the early-, mid-, and late-season 
dates was made, with each value representing the percent of the total classified pixels for that 
date. 
 
Results 
Time Series Comparison: 
 Of the eleven ranges analyzed in this study, WRF overestimates SCF in comparison to 
MOD10A1 for seven ranges (Figure 3). WRF underestimates SCF for the Coast Range (62% of 
days underestimated), the Great Basin (61%), the Mackenzie Mountains (83%), and the Torngat 
Mountains (70%).  However, this comparison exaggerates the disagreement between WRF and 
MOD10A1 by assuming that if their estimates are not identical, they are in disagreement. In the 
Great Basin range, for example, 62% of the underestimates are less than 0.1 SCF percentage 
points lower than MOD10A1.  
When we instead consider the days where WRF is within 5 SCF percentage points of the 
MOD10A1 SCF estimate as “in agreement”, the only ranges where WRF underestimates SCF 
more than it overestimates SCF are the Coast and Mackenzie (26% and 18% of days 
underestimated compared to 11% and 4% of days overestimated, respectively). In these ranges, 
WRF and MOD10A1 agree 63% and 78% of the time, respectively. The majority of WRF’s 
underestimations for the Coast range happen during the fall (October-November, 44%) and the 
winter (December-January-February, 44%). For the Mackenzie, almost all (94%) of its 
underestimates take place in the spring (March-April-May). 
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 Of the nine ranges which WRF overestimates more than underestimates in comparison to 
MOD10A1, two are overestimated for the majority of the time period (defined greater than 50% 
of the days; the Appalachians, 72% of the time, and the Cascades, 61% of the time). For the 
Appalachians, WRF is in agreement with MOD10A1 18% of the time, and only underestimates 
SCF on one out of 293 days in the water year. For seven of these ranges, WRF and MOD10A1 
are in agreement for the majority of the period (Alaska, 80%; American Rockies, 61%; Brooks, 
85%; Canadian Rockies, 53%; Great Basin, 62%; Sierra, 64%; Torngat, 72%). Of these ranges, 
only the Sierra and Great Basin have more than 6% of their days underestimated by WRF.  
 When WRF overestimates SCF, it tends to do so on a seasonal basis. For the Alaska, 
American Rockies, Brooks, Canadian Rockies, Cascades, and Torngat ranges, more 
overestimated days take place during the spring and summer than during any other season. The 
Alaska, Brooks, and Torngat ranges are primarily overestimated in during the summer (June-
July) (80%, 77%, and 50% of overestimated days, respectively), while the Canadian Rockies are 
evenly split between spring and summer (36% and 33% of overestimated days, respectively). For 
the American Rockies and Cascades, most of the days that WRF overestimates SCF take place in 
the spring (48% and 49%), closely followed by the winter season (45% and 23%, respectively). 
The Great Basin and Sierra ranges have the majority of their overestimated days in the winter, 
though there is no clear seasonal pattern for either range. For the Appalachians, in particular, 
WRF overestimates SCF consistently throughout the entire water year.  
 
Spatial Comparison: 
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 There is no clear spatial relationship in differences between WRF and MOD10A1 for any 
of the ranges, though WRF tends to overestimate snow cover along the boundaries of the 
mountain ranges. Based on Table 1, we can divide the ranges into three categories: those that 
show WRF overestimates SCF across the three dates, or at least one date has a significant 
overestimation (Alaska, Appalachian, Canadian Rockies, Cascades, and Great Basin), those that 
show WRF underestimates throughout (Coast, Mackenzie), and those with no clear pattern 
(American Rockies, Brooks, Sierra). These groupings differ from the patterns observed in the 
time series analysis. While the American Rockies, Brooks, and Sierra time series comparisons 
suggest WRF overestimates SCF, the selected dates for the spatial comparison (based on 
percentage of snow cover remaining) do not capture this trend. For the American Rockies and 
the Sierra, this is largely because WRF and MOD10A1 SCF follow similar trends across the 
water year, and the dates chosen happen to show both overestimates and underestimates of SCF. 
For the Brooks range, WRF’s overestimation is concentrated in the summer season, and 
therefore missed in the spatial comparison.  
 Of the ranges that WRF overestimates snow cover fraction, three (Alaska, Appalachian, 
and Canadian Rockies) have above 85% snow cover agreement for the early season date, 
resulting in low FPs and FNs (Table 1). Spatially, when WRF misclassifies pixels as snow in the 
Canadian Rockies, Cascades, and Great Basin ranges, it tends to do so on the peripheries of the 
ranges; both WRF and MOD10A1 agree that the center of the range is snow covered (Figures 8, 
9, 11). There is no trend in the geographic regions (north, south, east, or west) of the 
overestimated boundaries. The Cascades, for example, have FPs concentrated along the southern 
periphery of the range during the mid-season date and along the northern periphery of the range 
during the late season date (Figure 9). In the Appalachians, the early-season date displays FNs in 
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the southern portion of the range almost entirely; the mid-season date is scattered, and the late-
season date is almost entirely FPs (Figure 6). The Alaska range has FNs in the central and 
northern parts of the range during the mid-season date (Figure 4). These regions reverse to FP in 
the late-season date. There is no clear indication that FNs or FPs happen along the periphery for 
the Alaska range. 
 The Coast and Mackenzie ranges are unique among all the ranges in that WRF 
underestimates snow cover consistently for both the mid- and late-season dates (Table 1). Both 
have similar spatial patterns for FNs (Figures 10, 12). On the early-season date, the Mackenzie 
range is nearly 100% snow-covered (FNs are present, but represent less than 1% of the pixels), 
while the Coast range is 94% TP. On the mid- and late-season dates for both ranges, TPs remain 
primarily in the center of the ranges. FNs and FPs are located around the peripheries of the 
ranges and scattered throughout the center of the southern tip of the Coast range. 
 Of the ranges with no clear trend in snow cover classification across the three dates, the 
American Rockies and Brooks ranges also show no consistent spatial pattern of misclassified 
pixels (Figures 5, 7). On the early-season date, the American Rockies has FPs scattered 
throughout, but mainly located in the southern portion. The Brooks, in contrast, is entirely TPs, 
similar to other high-latitude ranges in the early-season. On the mid- and late-season dates, FNs 
are scattered throughout the American Rockies, while FPs are equal in number, but more 
concentrated together. In the Brooks range, FNs and FPs are also relatively close to each other 
for both mid- and late-season dates. On the mid-season date, FNs are grouped together along the 
periphery of the mountain range, while FPs are scattered throughout and grouped in the southern 
portion. On the late-season date, FNs and FPs are equal in number and grouped together; there is 
no trend for misclassifications along the periphery. In contrast, the Sierra range remains TP 
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throughout the center of the range on all three dates. TPs and TNs, in relatively equal 
proportions, are scattered along the periphery (Figure 13).  
 
Discussion 
Based on the analysis of the time series comparison, WRF and MOD10A1 are in 
agreement (within +/- 5 SCF percentage points of each other) for the majority (defined as more 
than 50%) of the water year for nine out of eleven ranges (Figure 3). In the two exceptions, the 
Appalachians and the Cascades, WRF overestimates snow cover in comparison to MOD10A1 
for the majority of the year. There are no ranges in which WRF underestimates SCF for >50% of 
the year, and only two ranges, the Mackenzie and Coast ranges, show an underestimation trend 
on the early-, mid-, and late-season dates. Therefore, while WRF does overestimate snow cover 
in comparison to MOD10A1, WRF is in agreement with MOD10A1 for most of the water year 
for most ranges. 
Seasonally, the time series comparison indicates a spring and summer trend for WRF 
overestimation of snow cover. Six out of eleven ranges (the Alaska, American Rockies, Brooks, 
Canadian Rockies, Cascades, and Torngat ranges) have more overestimated days in the spring 
and summer than in any other season. Of these six ranges, the majority of four (Alaska, Brooks, 
Canadian Rockies, and Torngat) are located north of 50 degrees latitude and remain at, or, in the 
case of the Canadian Rockies, just below 100% snow cover during the entirety of the winter 
season. For these ranges, both the spring and summer seasons represent snowmelt periods. 
Spatially, there is no clear trend of over or underestimating snow cover on the windward/leeward 
side of any range; there is, however, an indication that FPs and FNs tend to occur along the 
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boundary of TPs within ranges, usually located within the center of the ranges. This may be a 
function of elevation; more analysis would be needed to explore this connection further. 
Past research has demonstrated that MODIS snow cover products underestimate snow 
cover due to vegetation obscuring the ground (Nolin, 2010; Rittger et al. 2013). Previous 
versions of MOD10A1 also systematically miss patchy snow in the spring melt season, leading 
to significant underestimates in snow cover (Rittger et al. 2013). It is possible that MOD10A1 is 
failing to detect snow during the spring melt season in this study, leading to false conclusions 
about WRF’s springtime overestimation of snow cover. The MODIS Snow-Covered Area and 
Grain Size (MODSCAG) historical data product was created to improve the classification of 
snow covered pixels in highly vegetated areas or during the melt season (Rittger et al. 2013). 
MODSCAG uses spectral unmixing to calculate SCF, incorporating more band information from 
the MODIS sensor than the MOD10A1 NDSI calculation, and has been shown to be a more 
accurate version of MOD10A1 Version 5 (Rittger et al. 2013).  
MODSCAG has been used in previous studies for comparison with WRF (Wrzesien et al. 
2015) and was initially considered for this study. However, analyses of MODSCAG SCF 
showed that data for higher latitude ranges (the Alaska, Brooks, Coast, Mackenzie, and Canadian 
Rockies ranges) exhibited a striped pattern of missing data during the winter months (Figure 14). 
While this pattern can likely attributed to limited light in the winter, it made analyses of these 
ranges near impossible. In the future, performing the same comparison in this study using the 
latest MODSCAG data would provide a more robust evaluation of WRF SCF trends.  
While MOD10A1 may have limitations, it is important to reiterate that it was chosen for 
this study because it is one of the few SCF data sets available on a daily timescale. As described 
in the data section, version 6 of MOD10A1, used in this research, addresses many of the issues 
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highlighted in previous studies (Riggs et al. 2017; Rittger et al. 2013). Analyzing SCF trends of 
the mountains in this study using both MOD10A1 version 6 and version 5 could provide further 
insight into both the reliability of MOD10A1 and WRF’s SCF trends. Though Rittger et al. 
(2013) suggested that the empirical relationship used to calculate SCF from NDSI, used in this 
study, is not a robust indicator of SCF when applied to broad geographic regions, this research 
assumed that MOD10A1 SCF was erroneously low and instead used a binary classification.  
MOD10A1, for all of the reasons described above, does not represent the true snow cover 
of the eleven ranges analyzed in this study. However, it has been shown to be reasonably 
accurate (Parajka and Blosch, 2012; Parajka et al. 2006; Simic et al. 2004; Maurer et al. 2002; 
Klein and Barnett, 2003). In our comparisons of WRF SCF, we assume that MOD10A1 is the 
truth, and draw our conclusions about WRF SCF trends based on the reliability of MOD10A1. 
With this assumption, we conclude that WRF does indeed overestimate snow cover in the spring 
and summer melt season for six different ranges. In the two mountain ranges (Coast and 
Mackenzie) where WRF underestimates snow cover, the explanation is not immediately clear. 
Spatially, there is an indication that WRF misclassifies pixels on the boundaries of ranges, while 
accurately identifying snow cover in the center of ranges. These results suggest that the SCF 
algorithm utilized by Noah-MP may misclassify pixels in the spring season, when snow melts 
irregularly across grid cells and snow cover is patchy. For many of the mountain ranges studied 
here, however, it does a reasonable job (within +/- 5 SCF percentage points) of simulating SCF 
for most of the water year.  
The RCM simulations of mountain snowpack extent presented by Wrzesien et al. (2018) 
provide a vital source of information about large-scale mountain snowpack resources that is 
currently difficult or impossible to retrieve from surface monitoring networks or GCMs. 
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Understanding the accuracy and limitations of these RCM simulations is therefore critical. Given 
our limited ability to evaluate RCM simulations observationally, satellite remote sensing is a 
valuable tool for understanding how WRF simulates mountain snowpack over large areas. 
Wrzesien et al. (2015) and Minder et al. (2016) both compared WRF Noah-MP LSM simulations 
to MODSCAG remote sensing data and found contrasting results: in the first study, WRF Noah-
MP performed generally well in comparison to MODSCAG, while in the second, it 
systematically underestimated snow. Both of these studies focused on singular mountain regions. 
The results of this study expand upon the findings of Wrzesien et al. (2015), suggesting that 
WRF Noah-MP performs generally well for most of the year for not just the Sierra Nevada, but 
for most mountain ranges in North America. This result is additional evidence for the usefulness 
of WRF in estimating large-scale mountain snowpack extent. This study also suggests that WRF 
tends to overestimate mountain snowpack extent in the spring, a finding that should be explored 
in greater depth in the future. Further analysis using other remotely sensed data sets of snow 
cover, including MODSCAG, could provide a more complete evaluation of WRF snow cover 
trends for North American mountain ranges, as well as greater insight into the legitimacy of the 
observed spring overestimation trends and how WRF Noah-MP may be biased both seasonally 
and spatially. 
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Appendix 
 
Figure 1. Map of spatial extents of North American mountain ranges. 
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Figure 2. MODIS NDSI snow cover, on the top, compared to a binary snow classification 
(‘snow’, ‘no snow’) of 0.15 SCF, on the bottom, for the Alaska range in early February. 
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Figure 3. Time series graphs for each range comparing WRF estimates of binary SCF to MOD10A1 for every day of the respective water 
year. Early-, mid-, and late-season dates are shown with black lines. 
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Alaska 
      
 
 
Figure 4. Alaska WRF vs. MODIS binary SCF for early-, mid-, and late-season dates. 
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American Rockies 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. American Rockies WRF vs. MODIS binary SCF for early-, mid-, and late-season dates. 
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Appalachian 
 
 
Figure 6. Appalachian WRF vs. MODIS binary SCF at 
early-, mid-, and late-season dates. 
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Brooks  
 
 
 
 
 
 
Figure 7. Brooks WRF vs. MODIS binary SCF for early-, mid-, and late-season dates. 
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Canadian Rockies 
 
 
Figure 8. Canadian Rockies WRF vs MODIS binary 
SCF for early-, mid-, and late-season dates. 
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Cascades 
 
 
 
 
 
 
 
 
 
 
Figure 9. Cascades WRF vs. MODIS binary SCF for early-, mid-, and late-season dates. 
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Coast 
 
 
 
 
Figure 10. Coast WRF vs MODIS binary SCF for early-, mid-, and late-season dates. 
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Great Basin 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 11. Great Basin WRF vs MODIS binary SCF for early-, mid-, and late-season dates. 
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Mackenzie 
 
 
 
 
Figure 12. Mackenzie WRF vs. MODIS binary SCF for early-, mid-, and late-
season dates. 
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Sierra 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 13. Sierra WRF vs MODIS binary SCF for early-, mid-, and late-season dates. 
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Figure 14. MODSCAG tile h10v02, representing Alaska, for January 1st, 2004. (A) shows the 
geographic extent of the MODSCAG tiles, with h10v02 shown on the second row (map produced 
by Karl Rittger), (B) is the raw tif file, and (C) is the processed tile, with any SCF values between 
0-100 shown.  
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 Early Season Mid Season Late Season 
Range TN FP FN TP TN FP FN TP TN FP FN TP 
Alaska 0 0 0 100 20 3 11 66 26 22 4 48 
American 
Rockies 
10 
26 2 62 27 10 10 53 59 7 8 26 
Appalachian 2 2 10 86 30 6 5 59 24 75 0 1 
Brooks 0 0 0 100 18 7 14 61 45 15 15 25 
Canadian 
Rockies 0 0 3 97 14 11 3 72 36 15 4 45 
Cascades 6 11 6 77 17 20 2 61 54 12 2 32 
Coast 0 0 6 94 13 2 12 73 35 4 14 47 
Great Basin 8 22 4 66 15 23 6 56 73 4 12 11 
Mackenzie 0 0 0 100 13 4 31 52 40 0 45 15 
Sierra 0 2 3 95 26 2 7 65 59 1 9 31 
Table 1. Percentage of pixel classifications by WRF and MODIS for each range at the early-, 
mid-, and late-season dates. TN (true positive) refers to pixels classified as no snow by both 
WRF and MOD10A1. FP (false positive) are pixels classified as snow by WRF and no snow by 
MOD10A1. FN (false negative) are pixels classified as no snow by WRF and snow by 
MOD10A1. TP (true positive) are pixels classified as snow by both datasets. 
